Wind power and electric vehicles (EVs) can provide a clean environment for power systems; however, there are challenges in objectively evaluating the economic value of power dispatching. In view of these challenges, a multi-objective dynamic dispatching model of wind power and EVs combined with stochastic characteristics is constructed in this study. The proposed model considered the uncertain output cost of wind power as well as the characteristics of cluster control charging and discharging after the construction of a refined electric vehicle model. An improved MOEA/D algorithm is applied to correct problems in the proposed model. The rationality and validity of the proposed model were verified through joint dispatch analysis of wind power and EVs.
I. INTRODUCTION
Wind power generation has developed rapidly worldwide because of its ability to conserve energy and reduce emissions. The combination of thermal and wind turbines is currently the main power grid dispatch mode. However, there is a clear problem of power grid dispatching when applied in the situation where a large-scale wind power grid is involved [1] , [2] , which causes the voltage fluctuation and flickering after wind power is connected to the grid [3] , [4] . Wang and Liu provided a novel unit commitment formulation based on interval number optimization to overcome this instability problem [5] , [6] . In results reported by [7] , the static optimal power flow only obtained the objective optimum at a certain time section of the power system without considering the internal relationship between each time section. A dynamic dispatch is more objective and conformed to the actual results based on the prediction of wind farm output power [8] , [9] . Taking the stochastic wind speed characteristics of the Weibull probability The associate editor coordinating the review of this manuscript and approving it for publication was Yang Li . density function (PDF) into consideration. Reference [10] found that system generation capacity may be influenced by multipliers related to the risk of overestimation as well as the cost of underestimating the available wind power. Moreover, the optimal spinning reserve cost of a wind power system can be used to evaluate the influence of wind power on the selection of the spinning reserve level of a power system [11] , [12] . Reference [13] , [14] found that as the wind power capacity increased, the system increased the amount of reserve carried or faced a measurable decrease in reliability. However, energy storage system can compensate for the fluctuation of renewable energy generation in whole or in part, enhancing the system's ability to accept renewable energy generation and improving energy efficiency.
Compared with common energy storage devices, electric vehicles (EVs) have both mobility and energy storage attributes. This makes it possible to provide regulation and spinning reserve services for the power system as part of energy storage, which have become areas of significant research in recent years [15] - [17] . However, the mobility and randomness of EVs dictate that their participation in grid dispatch should be based on the accurate analysis of user behavior as stated in [18] , [19] . The potential active responses of an EV cluster to the grid is verified by considering the travel routines of users. Reference [20] established a probability model of charging demand that considered random variables, such as user charging start time. Similarly, Reference [21] used the method of fuzzy reasoning to simulate the user's charging judgment, and then calculated the outdoor charging probability. Reference [22] proposed a coordinated reactive power compensation strategy for smart parking lots connected to the power grid, in which a virtual electric field is used to compensate for the reactive power of wind farms and study its ability to improve the voltage stability of wind farms.
The above work has had a positive impact on the new energy access of wind power and EVs, but there has been no in-depth study that considers both the uncertain output of wind turbines and the uncertain EV routines as a joint dispatch. Few results have been achieved that consider the joint dispatch of wind power and EVs.
Based on the above analysis, this study established a joint dispatching model of wind power and EVs from the perspective of the inherent stochastic characteristics of wind turbines and EVs. We also studied the stochastic dispatching problem. Specifically, we analyzed the probability density function of wind speed fitting according to time segments in the wind farm area, and then calculated the probability cost of the demand spinning reserve that is obtained by quantifying the regional environmental benefits of the economic dispatching objective. Therefore, a generating cost model of wind farm with consideration of wind power stochastic characteristics and volatility is proposed and introduced into the traditional dynamic economic dispatch (DED) model. For EVs, the refined energy storage and travel model of the individual EV is constructed, and then the overall EV cluster model is built for participation in charge and discharge control. In order to meet the increasingly stringent environmental protection requirements and achieve a compromise between dispatching objectives, and to address the problem of dynamic economic emission dispatch (DEED) [23] , this study adopted the multi-objective environmental economic dispatching framework and used the Improved Multi-Objective Evolutionary Algorithm based on Decomposition (IMOEA/D) [24] , [25] to solve the multi-objective optimization problem. The validity of the model is verified using an example. Finally, case studies were carried out on the classic 10-unit test system as benchmark, and the simulation results demonstrate the validity and effectiveness of the proposed model and method.
The rest of the paper is organized as follows: in Section II, the probability distributions of the power outputs of wind turbines and EVs are firstly derived. In Section III, the proposed economic-emission dispatch model is formulated and an IMOEA/D algorithm is applied to solve the proposed model in Section IV. In Section V, comprehensive case studies are performed to test the proposed approach. Section VI finally concludes the paper.
II. PROBABILITY DISTRIBUTIONS OF WIND POWER AND ELECTRIC VEHICLES A. PROBABILISTIC DISTRIBUTION MODEL OF ACTIVE POWER OUTPUT IN WIND FARM
Fitting the statistical results of a large volume of measured wind speed data show that the Weibull distribution could better describe the random variation law of wind speed [26] . This study assumed that the wind speed obeyed the Weibull distribution, and its cumulative distribution function (CDF) expression is as follows:
where k is the shape parameter c is the scale parameter, which can reflect the average wind speed of a wind farm, and v is the wind speed. The wind speed v probability density function is as follows:
The functional relationship between the active power output of wind generation P wt and wind speed v could be approximately described as follows:
where v in , v rate , v out , P wt , and P rate represent the cut-in speed, rated speed, cut-out speed, active power output, and power output for the rated speed, respectively. The functional relationship between the wind speed and the power output of a wind turbine is represented by a power curve, as shown in FIGURE 1. Therefore, P wt is a mixed random variable with continuity in the interval (0, P rate ). It is discrete at 0 and P rate . To construct the probability density curve of wind farm active power, its piecewise characteristics had to be considered.
When v ∈ (v in , v rate ), the PDF of the active power output of the wind turbine [27] is as follows:
For the integral of Eq. (4), when v ∈ (v in , v rate ), we obtained the CDF of the active power output of the wind farm:
When the active power output of the wind farm P wt is equal to 0 and P rate , there is a step at the probability values. The step values at the two points were as follows:
where the impulse function is the derivative of the step function, and the derivative of the unit impulse function is δ(P) display P = 0, where δ(P) is an infinite number, and its integral value is 1. By deriving the CDF of the active power output of wind farm, we obtained the PDF of the active power output of the wind farm. The PDF is as follows:
The probability density curve and probability distribution curve of the active power output of the wind farm were as follows:
As shown in Fig. 2 , the active power output in each period of the wind farm is a random number subject to a specific probability distribution. However, when the power system formulated the dispatching plan, it required the planned power output of each generation unit, including the wind turbine unit in each period; the planned power output is a fixed value. The objective of wind farm optimization in this study is to find a set of optimal planned outputs to minimize the generation cost and pollution emissions of the power system.
B. BEHAVIORAL CHARACTERISTICS OF ELECTRIC VEHICLES
Due to the large number and flexible operation mode of private EVs (for which an idle state can be dispatched during most of the day), and because once an EV is actively registered as a dispatchable EV by users, it can participate in grid dispatching. While dispatching an EV, battery power has to meet the daily mileage consumption of the owner.
Therefore, the following assumptions were made:
1) The charging and discharging processes of the EVs could be controlled manually by users and remotely by dispatching departments when connected to the power grid. The technical parameters of each electric vehicle were the same. 2) The EVs had a single charging and discharging period.
The charging and discharging behaviors did not occur at the same time in a single period. 3) As long as EV users had driving demand, and the EVs were on the road for the next period of time, the driving distance and power consumption were the same for all EVs. Conversely, unified connections were made between power grids to participate in dispatching in periods of no driving demand. 4) The State of Charge (SOC) of the EV is a fixed value at the initial dispatching time each day. After a 24-hour dispatching cycle, the electric quantity returned to the original fixed value to prepare for the next day's dispatching.
Based on the above assumptions, the PDFs of the EV's departure and return journey were obtained by fitting the statistical data in Reference [28] . The travel and return periods of the EVs could be obtained using the Monte Carlo method, as follows:
where f s (x) is the PDF of the travel time, µ s is the average departure time, and σ s is variance. where f e (x) is the PDF of the return travel time, µ e is the average return time, and σ e is variance.
III. THE PROPOSED ECONOMIC-EMISSION DISPATCH MODEL A. THE OBJECTIVE FUNCTION
Several uncertain factors, such as the trip consumption actions of the EVs, the wind power output, and the system load level, are involved in the EED. Therefore, it is important to formulate a probabilistic, rather than a deterministic EED model to handle these uncertainties. Therefore, a stochastic emission economic model is constructed. The objective function of minimizing the total cost of the system could be expressed as follows:
where f h (P i ) is the total thermal generation cost of the system, f w (P wts ) is the spinning reserve cost of wind power demand, P i and P wts are the power supply of ith thermal generator and the wind power, respectively. The output cost of the thermal power units could be divided into two parts. For the first part, the power system and the classical coal consumption cost function of a conventional unit in a single period were expressed as a quadratic function of the unit's active output as follows:
where f c [P i,t ] is the fuel cost of a conventional unit i in t period, and a i , b i , and c i are the cost coefficients of the real power outputs of conventional generators. The second part is the cost considering the valve point effect as follows:
where f v [P i,t ] is the valve point cost of the i generation in t period, d i and e i are the valve point characteristic parameters. P i,min is the lower limit of the actual power output of unit i, and P i,t is the power from ith generator in time t. Cost model of unit of thermal generation considering the increased cost of the valve point effect is expressed as follows:
where T is the number of EV dispatching hours, I is the total number of thermal generation, and t is the length of the period.
The output of the wind farm can affect the overall output of the thermal power unit and the pollution emission of the unit. The functional relationship between pollutant discharge and the generation active power output is established. The emission model is expressed as follows:
where α i , β i , and γ i are the emission coefficients.
B. WIND POWER GENERATION COSTS
As shown in FIGURE 4, using the expected power output of wind farms, a probability density function of the power output of wind farm is established. The model can be divided into two parts. The probability density curve, in the left part of the planed active power output P wts (t), is the insufficient active output of the wind farm. The active power output in planed P wts (t), shown in the right part of the curve, is the active output surplus of the wind farm. The probability that the actual output of the wind farm P * wt (t) is less than the planned active output P wts (t) is termed the probability of the insufficient output of wind farms, as shown in Eq. (16) . The probability that the actual active power output of the wind farm P * wt (t) is greater than the planned active power output P wts (t) is termed the surplus probability of the wind farm output, and is shown in Eq. (17) . The P * wt (t) is the actual active power of the wind farm in t periods, and P wts (t) is the planned active power of the wind farm in t periods:
The probabilistic cost of the insufficient output of wind farms is mainly derived from the following indicators:
1) The higher the probability of the occurrence of insufficient wind power output, the higher the corresponding cost.
2) The larger the difference between the actual output and the planned output in the case of insufficient wind farm output is, the larger the positive spinning reserve capacity that is required, and the higher the corresponding cost. 3) Regarding the size of the positive spinning reserve capacity and the difficulty of dispatching in the power system, the smaller the capacity, the more difficult the dispatching, and the higher the corresponding cost. The quantification of the above three indicators and the probabilistic cost of the insufficient wind farms output is shown in Eq. (18) . This formula is used to calculate the probabilistic cost of insufficient output in the case of the planned output of a particular wind farm:
where f w− is the probabilistic cost of insufficient output of the wind farm. ψ − is the insufficient output of the cost coefficient, reflecting the difficulty of positive spinning reserve capacity in power system dispatching. P wts (t) is the active output of the wind farm plan for t period of time. φ p [P * wt (t) < P wts (t)]is the probability that the actual active power output of the wind farm is less than the planned power output in t periods, and E p [P * wt (t) < P wts (t)] is the probability expectation that the actual output is less than the planned output in t periods.
Similar to the probabilistic cost of insufficient wind power output, the probabilistic cost of wind power surplus in this study is mainly derived from the quantification of several indicators under the actual operation of the wind farm:
1) The higher the probability of the wind farm output surplus, the higher the corresponding cost.
2) The larger the difference between the actual and planned output is when a surplus of wind farm output occurred, the larger the negative spinning reserve capacity is required, and therefore, the cost became higher. 3) Regarding the size of the negative spinning reserve capacity and the difficulty of dispatching in the power system, the smaller the capacity, the more difficult the dispatching, and the higher the corresponding cost. According to the quantification of the above three indicators, the probabilistic cost of the wind farm output surplus is expressed as follows:
where f w+ is the probabilistic cost of the wind farm output surplus, ψ + is the cost coefficient of the output surplus, reflecting the difficulty of the negative spinning reserve capacity in power system dispatching and the importance of the entire system in environmental protection benefits,
is the probability that the actual active power output of the wind farm is greater than the planned power output in t periods, and E p [P * wt (t) < P wts (t)] is the probability expectation that the actual active output is greater than the planned active output.
According to the above analysis, the total cost of the wind farm should be the sum of two mutually exclusive cost functions: the probability cost of insufficient output and the probability cost of surplus output. Therefore, the objective function of wind farm generation cost could be obtained as follows:
C. CONSTRAINTS
The following constraints were considered in the proposed economic-emission dispatch model.
1) Behavioral Constraints of Electric Vehicles
Assuming that a certain number of EVs were selected in a certain area, we initialized the daily EV dispatching volume. During the driving phase, the power of the EVs decreased continuously. In order to ensure that the electric energy of the EVs met the travel consumption demand of different periods and provided a positive spinning reserve for the probability of the wind power insufficient, constraints were set to regulate the power status of the EVs.
Based on the daily driving distance of EVs and the corresponding power consumption demand, the expected remaining power consumption of each electric vehicle in the time period is constrained as follows:
where SOC n exp,t is the n electric car in t hours of remaining power expectations, SOC min is the lowest SOC for an electric vehicle, S n trip,t is the energy consumption requirement of an electric vehicle during the t time. We also considered continuous periods of driving, and the expectation of residual electricity could be extended as follows:
K n = 1, S n trip,t > 0 0, S n trip,t = 0.
(n = 1, 2, . . . N ) (23) where K n indicated whether the n vehicle had a driving demand for a t period of time, K n = 1 represents the driving demand for the t hour of the n electric vehicle, and K n = 0 represents the t hour of the n electric vehicle without driving demand.
The t period of total remaining electricity demand constraints is expressed as follows:
where the t period of total remaining electricity demand constraints is SOC exp,t , and N is the total number of driving requirements in t + 1 time.
The electricity consumption constraints of the n electric vehicle during the t time driving period were expressed as follows:
where S is the average power consumption per unit distance, and L is the mileage per unit in the period. The total power consumption of all EVs with a driving demand in t period is as follows:
where S Trip,t is the power consumption requirement of all vehicles in the t period.
Whether the n electric vehicle has discharge capacity in t period, that is expressed as follows:
where F n is a sign represents whether the n EV could participate in the spinning reserve regulation, F n = 1 represents the n EV is capable of participating in spinning reserve regulation, and F n = 0 represents the n EV that is unable to participate in spinning reserve regulation.
When the EVs agent participated in the positive spinning reserve, it need discharge; however, the SOC had to be higher than the driving demand in the future. When the EVs did not participate in the positive spinning reserve, it had to be charged to provide positive spinning adjustment tasks for other periods, and the maximum power of the battery after charging could not exceed its maximum value. Therefore, there had to be maximum power constraints, which are expressed as follows: (29) where P n Ch,t and P n Dch,t are the charging and discharging power of the n electric vehicle, respectively, and η C and η D are the charge and discharge efficiencies, respectively.
When creating the dispatching plan, the probability number of EVs that were not dispatched during the t period of time is excluded, and the dispatching plan had to be adjusted. Therefore, γ dep,t is the probability that the EV would not be scheduled in t period of time. When the total number of EVs reached 10,000 or more, γ dep,t could be considered a constant, usually a small value [29] . The dispatch adjustment coefficient is γ cp,t , which is defined as follows:
where γ cp,t is the probability that the EV could be dispatched according to the plan in the t period.
where D is the adjusted discharge, and C is the adjusted charge.
The charge and discharge power limitation for a single EV is as follows:
where P Nch and P NDch are the rated charging power and rated discharging power of an EV, respectively. The SOC constraints on EVs were as follows:
where P Ch,t and P Dch,t are the charging and discharging power of all EVs in t period, respectively, and S t is the remaining power of all EVs in t time.
To guarantee battery life and operational safety, the residual capacity S t had to be met as follows:
where S min and S max are the upper and lower limits for all EVs, respectively. The EV charge and discharge power constraints were expressed as follows:
For vehicle travel demand constraints, EVs completed a charge-discharge cycle in a dispatching cycle. This is expressed as follows:
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where P i,max is the maximum generating capacity of the i unit. The constraints that applied to the conventional units were as follows:
where U Ri and D Ri are the climbing and climbing rates of conventional unit i, respectively. Power balance constraints were expressed as follows:
where P L,t is the transmission loss of t time.
The B-coefficient method, used to obtain the transmission loss [30] , is expressed as follows:
where B ij , B i0 , and B 00 are the parameters of transmission loss.
Spinning reserve constraints were expressed as follows:
where S R,t is the requirement for the spinning reserve capacity of t period system, and P wts,t is the wind power output value of the t period dispatching plan. The upper and lower output power limits of the wind turbines were expressed as follows:
According to the above study, this paper constructs DEED model. The FIGURE 5 is the whole research framework of this study.
IV. MODEL SOLUTION A. SOLUTION ALGORITHM
For the DEED problem, a dispatching solution based on MOEA/D is proposed in Reference [31] . The method using the decomposition algorithm to solve problems in the multi-objective DEED problem is converted into a certain number of single-objective optimization problems. By using evolutionary algorithms within the neighborhood of each sub-problem optimization calculation, we added the relevant constraint handling method and evolutionary control strategy after many iterations and achieved an effective approximation of the optimal frontier. This method has the advantages of a fast calculation speed and good convergence, and it can be used to obtain the Pareto-optimal-Solution (PS) set with a uniform distribution in the objective space. Based on this algorithm, the adaptability is improved.
1) MULTI-OBJECTIVE OPTIMIZATION PROBLEM
Under the dispatching framework of this paper, the multiobjective dynamic dispatching problem that comprehensively considered emissions and economic factors, as well as probabilistic access of wind power and EVs, could be described as follows:
where g j (x) ≤ 0 is the inequality constraint, h k (x) = 0 is the equality constraint, p and q are the number of their, respectively. E(x) and F(x) are the pollution gas emissions and cost objective functions, respectively, and x is the active power output control vector of the conventional thermal power-generating unit, the wind farm output, the EV charge and discharge.
2) POPULATION SETTING
In the dispatching model proposed this study, the decision variable is set as the output of the conventional units, the wind turbine output, and the charging and discharging power of the EVs in each dispatching period. The population of the algorithm is expressed as follows:
where N P is the size of the population. Individual x i , one of the dispatching schemes, is defined as follows:
. . . . . . . . . P N ,1 P N ,2 · · · P N ,T P ev,1 P ev,2 · · · P ev,T P wts,1 P wts,2 · · · P wts,T
where each individual has (N + 2) × T dimensions, and P ev,t , P wts,t (t = 1, 2, . . . , T ) are the EV charging and discharging power of the t time period and the output of the wind farm dispatching plan, respectively.
B. CONSTRAINT PROCESSING
MOEA/D algorithm is originally used to solve unconstrained multi-objective optimization problems. The dispatching model in this paper has a variety of high-dimensional nonlinear, strongly coupled equality and inequality constraints, making the feasible solution domain narrow and topological complexity. Therefore, the MOEA/D algorithm should be improved according to the characteristics of the problem, and the effective treatment method for complex constraints must be added to obtain the optimal feasible solution.
Effectively dealing with the complex constraints in this study is the key to solving the dispatching problems. In this study, using the penalty function method, the objective function and constraint conditions of the problem were used to construct the augmented objective function without constraint, and then the nonlinear constrained programming problem is transformed into the unconstrained programming problem.
(1)According to the constraints of the travel demand equation of the model, the Vehicle-to-Grid (V2G) power in different times is adjusted according to Eq. (37) to meet the power balance.
(2)Based on obtaining the EV charging and discharging power, according to Eq. (40), the output of conventional units in each period is adjusted in order to ensure the power balance of the system. A step-by-step process is realized by calling the decision variable a dynamic adjustment module. The main steps were as follows:
1) For different equality constraints, the constraint violation quantity θ is calculated. If θ is less than or equal to the preset threshold value ε, or the adjustment number reached the maximum adjustment number K, then we proceeded to step 3; otherwise, we performed step 2. 2) According to the situation of the adjusted decision variables, θ/n (n is the number of time periods or units) were superimposed on the decision variable. According to the upper and lower limits of the output of the variable, handling violation constraints. 3) If for the charge and discharge power in the constraint of the vehicle owners travel demand, the adjustment is completed; if for the unit output in the power balance constraint of the system, the processing process is completed after all time periods that were adjusted. For the inequality constraints in the dispatching model, this study adopted the following classification method.
1) The EV charging and discharging power constraints, unit output constraints and climbing constraints were included in the overstep boundary of the above dynamic adjustment module. 2) After the maximum number of times of adjustment is reached in the dynamic adjustment process of equality constraint, it is still possible to achieve solutions that were thought to be unfeasible. An algorithm is used to denote the amount of violation in the equality constraint in these solutions, as well as the violation amount of the battery residual capacity constraint and the spinning reserve constraint as the total constraint violation amount of the system. The formula is as follows:
The augmented objective function F(x) of the model is defined as follows in the form of the sum of the basic dispatching function f (x) and the total constraint violation penalty function:
where s is the penalty function coefficient. Finally, based on decomposition and evolution of the multi-objective functions, the constraint processing method based on a penalty function is used to realize the effective processing of infeasible solutions in the process of iterative calculation.
C. SOLVING STEPS
For problems involving EVs and wind, the MOEA/D solution is as follows:
1) PARAMETER SETTINGS
The specific parameters of the wind farms, EVs, power system, and MOEA/D were set. 3) The initial iteration number g en is zero.
3) ALGORITHM UPDATES 1) For each individual x i , a new individual y is generated through differential evolution, and the aforementioned equality and inequality constraint processing is carried out for y to calculate the new objective function F(y).
If z m > F m (y), we updated the reference point value to z m = F m (y). 2) The Tchebycheff method is used to decompose the individual x r in neighborhood B(i). If g te (y λ r , z) ≤ g te (x r λ r , z), we updated the optimal solution to x r = y, and F(x r ) = F(y).
4) TERMINATE ITERATION
If g en is equal to the maximum number of iterations, the iteration calculation is terminated; otherwise, g en = g en + 1, we returned to step 3.
5) OUTPUT RESULT
For the output objective value, optimal solution, and Paretooptimal-Frontier (PF), we used the fuzzy decision set theory to determine the optimal compromise solution.
V. CASE STUDIES A. CASE STUDIES OF WIND FARMS
All the algorithms are implemented using MATLAB 2014b and executed on a computer with Core I7-4790 CPU, 16 GB RAM and Windows 1064 bit operating system.
In this study, the wind speed sample data used in Reference [32] were analyzed. Through the study of a large volume of actual wind speed data, we found that the average values of wind speed in different periods throughout a day were quite variable and showed certain regularity. Moreover, the parameters of the Weibull distribution could be obtained by fitting the wind speed samples for different periods. Ten classic coal-fired units [33] were connected. The dispatching period is 24 hours, and the unit parameters and load data were derived from [34] . The spinning reserve of the system load is 10 % of each period. The 24-hour load forecasting curve is shown in Fig. 7 . Without considering access to EVs, the power system is connected to a wind farm composed of 200 wind turbines of the same type and with a rated power of 2.5 MW. To verify the effectiveness of the proposed method, an DEED model is implemented. The wind turbines that were tested had a cut-in wind speed of v in , a rated wind speed of v rate , a cut-out wind speed of v out , a rated wind farm power P rate are 3 m/s, 10.28 m/s, 15 m/s, and 500 MW, respectively.
(
1) The Relationship Between the Optimal Solution of Wind Power Generation Cost and the Optimal Solution of Total System Cost
Without considering the cost of thermal power generation and pollution emissions, the change in the power generation cost of a wind farm with planned output in a single time period is observed. Choosing a cost coefficient of ψ − = 80$/(MW · h), ψ + = 80$/(MW · h), we derived the curve for wind farm cost with a planned output. As shown in Fig. 8 , the probabilistic cost of insufficient output and the probabilistic cost of a surplus of output constituting the total cost of wind farm generation were mutually exclusive functions. As the planned output power of the wind farm increased, the total cost of wind farm power generation first decreased and then increased gradually. The lowest point of the curve is the optimal value of the wind farm generation cost, and the corresponding planned output of the wind farm is the planned output power of the optimal wind farm in single time period.
For the selected cost coefficients, when calculating the cost of thermal power generation and the output cost of wind farm, the wind power output curves of the objective optimal solution and the optimal compromise solution are shown in Fig. 10 . It can be seen that when the wind speed is high, the wind power output in most periods of the environmental optimal solution were close to the rated output to meet the goal of absorbing more wind power, reducing unit output, and reducing polluting emissions. Even with the best environmental solution, the wind power plans for periods 1, 2, 3, and 24 were still relatively lower, and the output of each unit is relatively low due to the low load of the system. However, the planned output of the 16-period wind farm is low due to the influence of the low valley of the wind speed curve, and the probability cost of insufficient output of the wind farm is relatively high when the output of the wind farm increased. Cost optimal solution even at a historic wind speed peak at a certain time interval, it also focused on cost target values, and ensured the optimal plan output of the wind farm in each period such that the overall output of the wind farm is small. In some cases, cost and environmental factors were very important, so no single goal should be emphasized over the other; thus, a trade-off should be made between the cost and environment. The optimal solutions and the optimal compromise obtained from all solutions in Fig. 9 are shown in Table 1 . The optimal compromise solution made a comprehensive consideration between the two objectives to meet their mutual constraints, and the overall output of the wind farm plan is neither too high nor too low. Figures 10 and 11 show that the optimal environmental solution value is 391.42 MW in the 16th period. Moreover, the highest wind power output is 431.14 MW, which meant that the wind power plan output obtained by the environmental optimal solution is not necessarily the highest. In Fig. 11 , in the 16th time period, the wind farm output is the lowest compared with all the time periods because the probability of low wind speed is higher in this period. In addition, the dispatching wind farm output is the highest in the 12th period. It can also be seen that due to the difference in the Weibull distribution probability density function in each period, the dispatching plan wind power output varied greatly. For example, the probability of high wind speed occurring in the 10, 11, 12, 13, 14, 19, 20 , and 21 periods without abnormal values is higher, and the output of wind power dispatched in these periods is also greater than in other periods.
2) Impact of Cost Coefficient on Planned Output of the Wind Farm
We analyzed the probabilistic cost coefficient of the insufficient output and the probabilistic cost coefficient of the surplus output of the wind farm. First, the proportions of the two remain unchanged. We took ψ − = ψ + = 10$/(MW · h) to ψ − = ψ + = 80$/(MW · h), and then analyzed the power FIGURE 14. Effect of cost factor ψ + on optimal frontier. system model on a wind farm based on eight sets of coefficients. Then, we took ψ − = ψ + = (60, 70, 80)$/(MW · h) as an example to obtain the PF trend, as shown in Fig. 12 . Figure 13 shows the mean contrast curves of all solutions of the wind farm planned output for different periods. The output curve of the wind farm with smaller cost coefficients is positioned above the curve with larger cost coefficients because when the cost coefficient of a wind farm is large, the cost of wind power generation is higher than that of thermal power generation; thus, the system operated in a way that the wind farm would generate less electricity, and it can also be considered that the government may have not subsidized the price of wind power on the grid. When the cost coefficient of the wind farm is relatively small, the cost of thermal power generation exceeded the cost of wind power generation, and the system worked in a way that the wind farm would generate more electricity when making the power plan. This phenomenon is also observed after the government subsidized wind power access to the power system.
To analyze the probabilistic cost coefficient of the wind farm output surplus, the probability cost coefficient of the wind farm output insufficient remained unchanged. We took ψ + = 10$/(MW · h) to ψ + = 80$/(MW · h) to analyze a power system model with a wind farm based on eight sets of coefficients. We took ψ + = (60, 70, 80)$/(MW · h) as an example to obtain the PF trend, as shown in Fig. 14. Impact of the change to the cost coefficient in the same proportion on the optimal frontier. Figure 15 shows the mean contrast curves of all the solutions of the wind farm planned output for different periods. As shown in Figure 15 , the curve with a smaller cost coefficient is positioned below the curve with a larger cost coefficient because when the insufficient output cost coefficient of the wind farm remains unchanged, and the surplus cost coefficient of the output became larger, the optimal planned output of the wind farm shifted to the right. The increase in the output surplus cost coefficient also made it more difficult to increase the planned output of the wind farm, because the probability curve of the active output of wind farm is much smaller in the right part than the left part of the planned output. This made the probability and expected difference of wind farm output surplus multiplied by the wind farm output surplus probability cost coefficient very small. Moreover, the proportion of the probability cost of the output surplus in relation to total cost is small. As a result, the impact of the increase in the surplus cost coefficient on the planned output became smaller.
The probabilistic cost coefficient of the insufficient wind farm output is analyzed, and the probabilistic cost coefficient of the wind farm output surplus remained unchanged. We took ψ − = 10$/(MW · h) to ψ − = 80$/(MW · h) to analyze the power system model with a wind farm based on eight sets of coefficients. We took ψ − = (60, 70, 80)$/(MW · h) as an example to analyze the variation trend of the PF, as shown in Fig. 16 .
As Figs. 17, 18, and 19 show, the curve with a smaller cost coefficient is positioned above the curve with a larger cost coefficient. This is because when the surplus cost coefficient of the wind farm output is unchanged, the output of the optimal plan of the wind farm shifted to the right when the cost coefficient of the insufficient output became smaller. Similarly, the output of the optimal plan increased when the cost is reduced. When formulating the dispatching plan, the government could provide the probability cost subsidy of insufficient output and enable the purchase of a positive spinning reserve capacity subsidy to simultaneously generate more wind power and optimize the environmental and economic objectives.
Based on the above analysis and Figure 8 , when the probability cost coefficient of insufficient output of a wind farm is lower than the probability cost coefficient of surplus output, it is relatively easy to dispatch a positive spinning reserve. In addition, the output of the optimal plan shifted to the right side, which indicated that the output of the optimal dispatch plan of the wind farm increased in order to achieve the optimal generation cost while avoiding the occurrence of wind power abandonment as much as possible. When the probabilistic cost coefficient of the insufficient output of the wind farm increased relative to the probabilistic cost coefficient of the surplus output, it is relatively difficult to dispatch the positive spinning reserve, and the output of the optimal plan shifted to the left. This indicated that the output of the optimal dispatch plan of the wind farm decreased to achieve the optimal generation cost while avoiding load shedding as much as possible. However, when optimizing the output of a wind farm in each period, the dispatching plan had to be completed on the right side of the optimal plan of the wind farm to avoid abandonment of wind power and rising costs.
B. CASE STUDY ON COORDINATION DISPATCHING OF ELECTRIC VEHICLE AND WIND POWER
If there were 50,000 EVs in the grid, the rated capacity of all batteries is 1200 MW; EVs have their own specific charging and discharging periods. Charging and discharging behaviors did not occur at the same time in a single period. Each EV consumed 15 KWh of power per 100 KM. If the users of the EVs had driving demand, they could drive 50 KM on the road in one hour and participate in power grid dispatching the rest of the time. The SOC is 60 % at the initial dispatching time each day. Due to safety and technical constraints of the SOC, the lowest SOC and its rated charging and discharging power limit in the dispatching period were set to 20 % of its rated value. The charging and discharging efficiency of the battery is 0.85. The parameters of the PDF for the travel and return of EVs were as follows: average departure time: µ s = 8.92, µ e = 17.47; variance:σ s = 3.24; average return time: µ e = 17.47; and variance: σ e = 3.41. The travel characteristics of the 50,000 EVs were extracted from the corresponding PDF, and the departure and return time data were obtained. The distribution statistics of the total number of EVs traveling and returning in each period are shown in Fig. 20 .
1) ANALYSIS OF THE IMPACT OF ELECTRIC VEHICLE ON WIND POWER DISPATCHING PLAN
Based on the analysis above, the discharges during the dispatching period could be used to provide a positive spinning reserve for wind power and reduce the difficulty of a positive spinning reserve. Thus, reducing the probabilistic cost of insufficient wind farm output could not only increase the optimal planning output of a wind farm, but could also reduce the power generation cost of a wind farm in this period as well as optimize the target cost. The cost coefficients of the positive spinning reserve with EV discharges in a single period were calculated using the following formula:
where ψ −,t is the cost coefficient of the t time period positive spinning reserve. Due to the discharges of EVs, spinning reserve were restricted by the remaining power in the previous period. In addition, vehicles could not be dispatched on the road during the current period or the next period of driving demand for the EVs, and therefore spinning reserve were restricted by the amount of EVs. Thus, it is difficult to achieve the actual positive spinning reserve probability demand capacity. If the discharge amount is close to or greater than the expected positive spinning reserve probability, it could be addressed by changing the following coefficients. When P Dch,t {P wts (t) − E p [P * wt (t) < P wts (t)]} × 90%, we set the positive spinning reserve coefficient to a smaller value, which could be ψ −,t = 0.1 × ψ − . Electric vehicle charging is included in system load.
It can be seen from Figs. 21 and 22 that even with the addition of EVs, the increase in driving power consumption and positive spinning discharge did not lead to a complete increase in the economic and environmental objectives compared without electric vehicles Partial solutions inclined to optimal cost solutions for electric vehicles, in the process of increasing the discharge volume of EVs, to achieve a cost target that is lower than that without electric vehicles when the emission values of pollution is the same.
The EV discharge could directly provide the positive spinning reserve capacity, and then indirectly affect the planned dispatch of wind power output. As shown in Figs. 8 and 22 , the average discharging power of each solution increased in each period of time from the environmentally optimal solution to the cost-optimal solution. The amount and cost of the optimal output of the wind farm were determined by the discharge capacity of the EVs. The environmentally optimal solution is to maximize the wind power output in each period, and to lower the cost weight, the environmentally optimal solution hardly needed EV discharge to reduce the probabilistic cost of the insufficient output and increase the planned output of wind power. Figure 23 illustrates that the solution satisfied the power balance constraints of the system. The sum of the thermal power unit output and the wind power unit output were adjusted by the positive and negative spinning reserve to meet the load demand, power transmission loss, and charging demand of the EV.
As Fig. 24 shows, the SOC of each solution returned to the initial SOC after 24 h of charging and discharging from 60 % of the initial time. The SOC of each solution is between 20 % of the minimum and 100 % of the maximum constrained SOC. Since the SOC is subject to the driving demand of the next period, it is difficult to reach the minimum constrained SOC in each period. The SOC of the cost-optimal solution kept charging up to 100 % in the first to seventh periods and also demonstrated continuous charging behavior in other periods to achieve the goal of multi-discharge reduction cost. Figure 25 shows a comparison of wind power dispatching power with and without EV discharges. Figure 26 shows the average discharge power of all solutions for each period of EVs. The corresponding wind farm dispatching plan output in the top 10 discharging periods of the EVs occupied 90 % of the total output period in 8, 10, 11, 12, 13, 14, 15, 20, 21, and 22 , which is significantly higher than that without EVs. This result showed that the most autonomous discharge of EVs could help increase the wind power value of a dispatching plan. 
2) EFFECT OF DIFFERENT INITIAL ELECTRICITY VOLUME ON WIND POWER PLANNING OUTPUT
In order to explore the impact of initial EV power on dispatched wind power, the initial SOC is set at 30 %, 40 %, 50 %, 60 %, 70 %, 80 %, 90 %, and 100 %. As shown in Figs. 27 and 28 , 90 % and 100 % of the discharges in the charged state were lower than 30 % to 80 %, and the corresponding planned output of the wind farm is relatively small. In addition, 90 % and 100 % of dispatched wind power generated the lowest planned output, not only because of less discharge, but because the discharge is mainly concentrated in the period of 1 or 3, which were largely unaffected by EV discharge. When 70 % of the initial SOC corresponded to the surge of dispatched wind power, and there is a lot of wind power dispatched, a discharge volume of 80 % of the initial SOC decreased because the discharge of the EVs is mainly concentrated in the period when the wind power is more easily affected by the discharge of EVs. This showed that the benefits of a positive spinning reserve provided by discharge under high wind speed were greater than those under low wind speed.
C. COMPARISON OF ALGORITHMS
To validate the efficiency of the proposed optimization method, the PS of DEED problem with wind farm is obtained by using Non-dominated Sorting Genetic Algorithm (NSGA-II), Improved Decomposition Based Evolutionary Algorithm (I-DBEA) [35] and Strength Pareto Evolutionary Algorithm 2 using a Shift-Based Density Estimation strategy(SPEA2+SDE) [36] . In order to ensure comparability of results, the population size is set to 100 for NSGA-II, I-DBEA and SPEA2+SDE, which is the same as IMOEA/D. The crossover and mutation probability of NSGA-II are 0.9 and 1/N (where N denotes the number of decision variables), respectively. The crossover and mutation probability of I-DBEA are 1 and 1/N, respectively; The crossover and mutation probability of SPEA2+SDE are 1 and 1/N, respectively. The parameters of IMOEA/D are as follows: F = 0.6, CR = 0.9, distribution index is 20, H = 20, mutation probability is 1/N. The final PF of the four algorithms is shown in the Figure 29 .
Because of the complexity of DEED problem, it is difficult for NSGA-II, I-DBEA and SPEA2+SDE to obtain complete PF. NSGA-II, I-DBEA and SPEA2+SDE algorithms are not able to provide valuable optimal solution information for decision makers. In comparison, IMOEA/D algorithm can obtain more complete PF, which can provide better dispatching schemes for decision-makers.
The convergence characteristic curves of the objective functions of economic and environmental benefits of It can be seen from the figure that IMOEA/D algorithm has fast iteration speed and excellent optimization performance. The Table. 2 also compares the optimal solutions and calculation time obtained by the four algorithms.
As can be seen from the Table 2 , in terms of the optimal solution, the optimal cost and pollution emission obtained by the IMOEA/D algorithm in this study are the best. Selecting the minimum cost dispatch scheme, IMOEA/D can save 20767$, 17729$ and 39011$ compared with NSGA-II and SPEA2+SDE and I-DBEA respectively. When selecting the minimum emission dispatch scheme, IMOEA/D can save 50845lb, 31000lb and 37048lb compared with NSGA-II and SPEA2+SDE and I-DBEA respectively. The complexity of the model leads to long calculation time, but IMOEA/D can save 1.1895h, 5.4636h and 1.0747h compared with NSGA-II and SPEA2+SDE and I-DBEA respectively. This will give the decision makers a better choice. Considering the integrity of PF, the quality of the optimal solution and the convergence speed of the algorithm, the IMOEA/D algorithm in this study shows its superiority than the other three methods.
VI. CONCLUSION
The fast penetration of wind power generation and EVs have introduced severe challenges to power system operation. In this study, a novel DEED model is formulated considering the uncertainties of both wind generators and EVs, and an IMOEA/D is proposed to solve the dispatching model. The main contributions of this study were as follows:
1) According to the output of the wind farm, the probabilistic density function of wind speed is fitted in different time periods, and the probabilistic cost of the demand spinning reserve is calculated by quantifying regional environmental benefits in the economic dispatching target. Make the addition and subtraction of random variables become feasible in the system, it provides a new approach for the analysis and calculation of power systems with wind farms. 2) In order to maximize the benefits of controlling EVs participating in power grid dispatch, it is necessary to establish a precision EV behavior model. Therefore, the precision energy storage and travel model of a single EV were constructed from a probability perspective, and the overall EV cluster model is also established in this paper to participate in charge and discharge control. 3) An optimal dispatching method based on improved MOEA/D is designed based on the mechanism of decomposition and evolution. Moreover, a strategy for dealing with decision variables with multi-equation constraints is proposed. And then, the complex constraints of the model can be effectively dealt by appropriately penalizing the violation. 4) Using the V2G function of EVs, we provided a positive spinning reserve for wind farm output of the model that is constructed. Collaborative wind farms and EVs can reduce the phenomenon of wind abandoning, and provided a reference strategy for the DEED plan of the power system. Our future work will focus on extending this study to extensive potential applications in the optimal operation and control for a smart integrated energy system. In addition, more realistic modeling techniques will be developed to deal with the correlations between wind power generations and EVs uncertainties. Especially, to effectively provide various ancillary services for power grid require a more refined model of EVs considering the power dispatch problem in isolated microgrid (IMG) [37] . LU YANG received the B.E. degree from the College of Information and Business, Zhongyuan University of Technology, Zhengzhou, China, in 2017, where she is currently pursuing the master's degree. Her current research interests include energy management and optimized operation of smart-grid. VOLUME 7, 2019 
